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ABSTRACT

This paper examines the relationship between religious funda-
mentalism and far-right political ideology in Brazilian public
groups on WhatsApp and Telegram through a multidimen-
sional computational analysis. To this end, we constructed
two datasets comprising religious messages circulated in far-
right public groups on both platforms. We then applied
Named Entity Recognition to identify the most frequent en-
tities, which were subsequently used to retrieve messages for
manual discourse analysis. Each message was then assigned a
sentiment polarity label. We also applied three topic modeling
algorithms (LDA, PTM, and BERTopic) to identify latent
thematic structures and used LIWC to examine emotional,
cognitive, and linguistic dimensions. The results reveal signif-
icant psycholinguistic differences between the two platforms,
despite the emergence of similar thematic patterns across the
three topic modeling approaches. Overall, this study provides
empirical evidence of how religious fundamentalist discourse
circulates and becomes politically articulated within Brazilian
far-right groups on WhatsApp and Telegram.
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1 INTRODUCTION

In recent years, we have witnessed a remarkable growth of
Christian fundamentalist groups in Brazil, which operate and
organize primarily through social media [4, 6, 36]. Christian
fundamentalism can be understood as the pursuit and desire
to preserve the foundations of Christianity [5] in the face of
the advancement of modernity. One of the main characteris-
tics of Christian fundamentalism is a literal interpretation
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of sacred texts. From this type of decontextualized read-
ing emerge further traits such as intolerance, xenophobia,
racism, machismo, sexism, and homophobia [3, 4, 12, 17, 27].
It is worth noting that there is a affinity between far-right
movements and fundamentalist groups, since both seek to
maintain a certain natural order of things [14, 40]. The far-
right is a political ideology whose main ideals are nationalism,
xenophobia, racism, misogyny, and anticommunism [35, 38].

Christian fundamentalism carries an interesting contradic-
tion. It emerges as a reaction to modernism, as it does not
tolerate scientific advances, yet it extensively utilizes contem-
porary communication media, including instant messaging
platforms such as WhatsApp and Telegram [17]. WhatsApp
is the most widely used social network in Brazil, available on
practically all smartphones in the country [19]. On the other
hand, in just one year, the proportion of smartphones with
Telegram in Brazil grew from 45% to 60% in 2022 [18].

In this context, it is of paramount importance to charac-
terize the dissemination of religious fundamentalist content
on instant messaging platforms and its convergence with
far-right political ideologies in Brazilian society. However,
there are few comprehensive empirical studies characterizing
fundamentalist religious discourse in public WhatsApp and
Telegram groups in Brazil, despite growing concerns about
Christian religious fundamentalism in the country. This paper
aims to address the following research question:

e RQ1: How is the relationship between religious funda-
mentalism and far-right political ideology in messages
shared on WhatsApp and Telegram?

e RQ2: How does fundamentalist discourse manifest emo-
tionally across WhatsApp and Telegram platforms?

e RQ3: What are the predominant latent topics in Brazil-
ian religious fundamentalist discourse propagated on
WhatsApp and Telegram?

e RQ4: Are there psycholinguistic differences between
messages shared on WhatsApp and Telegram?
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To answer these questions, we constructed two datasets
containing religious messages circulated in far-right public
groups on both platforms. Next, we applied Named Entity
Recognition (NER) to identify the most frequent entities
in the texts collected from each platform. These entities
were subsequently used as search terms in a text retrieval
system to locate the messages in which they appeared. The
retrieved messages were then manually examined to provide a
more detailed understanding of the discourse present in each
dataset. We also assigned a sentiment polarity label to each
message. To investigate the underlying thematic structure
of the datasets, we applied three different topic modeling
approaches. Finally, the LIWC framework was employed to
analyze the emotional, cognitive, and linguistic characteristics
of the texts. The findings indicate that religious fundamen-
talist contents are present in far-right public groups (RQ1).
The two platforms seems quite equivalent in emotional po-
larity since messages on Telegram are only marginally more
negative than those on WhatsApp (RQ2). Topic analysis
revealed distinct topics for each examined platform (RQ3).
The LIWC-based linguistic analysis identified significant dif-
ferences in 49 of the 63 psycholinguistic categories, but with
uniformly negligible effect sizes (RQ4).

The structure of this paper is organized as follows: Section
2 discusses related works, Section 3 describes the method-
ological design adopted to address the research questions,
and Section 4 presents the results of several analyses. Finally,
limitations and conclusions are presented in Section 5.

2 RELATED WORK

In [10], the authors aim to model and characterize hate
speech against immigrants on Twitter in Spain. More than
240,000 tweets posted between November 2018 and April 2019
were collected and automatically analyzed. Using the LDA
(Latent Dirichlet Allocation) algorithm|[9], four topics were
identified: illegal immigration control, economic assistance
for immigrants, the consequences of illegal immigration, and
Islamic terrorism. The study presented in [41] proposes a
methodology that combines LDA with self-organizing maps
to analyze hate speech disseminated on social media.

Kursuncu et al. [30] modeled Islamist extremist commu-
nications on Twitter by jointly considering three contextual
dimensions—religion, ideology, and hate—to support the
analysis of online radicalization. The study presented in [26]
explores how Twitter users conceptualize extremism in Ara-
bic and articulate their arguments to construct the term. A
corpus of tweets containing the word “extremism” was col-
lected using the Twitter API. The LDA algorithm was then
applied to the dataset to uncover latent concepts associated
with extremism. In [1], a sophisticated approach is proposed
to analyze extreme views expressed on social media. The
proposed approach combines machine-learning algorithms,
natural language processing techniques, and expert-driven
content analysis. A dataset comprising more than 259,000
tweets was used to evaluate the approach, yielding several
insights into far-right extremism.
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In [25], the authors examined the main publicly available
datasets for hate speech research, aiming to identify the
types of hate speech (e.g., ethnicity, religion, sexual orienta-
tion) represented in their composition. The results provided
insights that contribute to a better understanding of the
phenomenon of hate speech and to improving its detection on
social platforms. In [44], the authors present a system called
“NoHateBrazil” that recognizes both explicit and implicit
offenses. The proposed system encompasses data collection,
human annotation, and the training of machine-learning mod-
els, which were used to automatically detect the presence of
hate speech.

In [43], the authors conducted a comparative analysis
of the most frequently used Natural Language Processing
(NLP) techniques, discussing the availability of datasets, and
highlighting the insights reported by the reviewed studies. In
[23], the authors present a systematic review of the analysis
and detection of content related to extremism, radicalization,
and hate speech. A total of 51 articles published between
2015 and 2021 were analyzed. Finally, the paper outlines a
set of recommendations for researchers, as well as guidelines
for a safer cyberspace.

Cavalini et al. [15] characterized over 2 million messages
from 128 Brazilian extremist Telegram chats, showing that
content toxicity correlates with its spread across the network.
Piorino et al. [37] evaluated how toxic content operates as
a “trigger” for extending and inflaming discussions within
Brazilian Reddit communities, while mapping lexicons and
frequent terms with negative or polarizing connotations.

Lobo et al. [32] investigated the dynamics of hate speech
propagation through toxicity cascades in Twitch live chats
using NLP tools including lexical dictionaries and deep learn-
ing models, mapping 472 cascades and identifying patterns of
collective toxicity. Gibrim et al. [22] presented a systematic
review of the scientific literature on hate speech in games,
covering publications from 2010 to 2025.

Martins et al. [33] examined the presence and activity of
the Red Pill community on YouTube Brazil, aiming to charac-
terize how misogynistic discourse is constructed, interpreted,
and propagated. They analyzed 18,034 videos and over 2.2
million comments from 28 channels published between Janu-
ary 2024 and June 2025, applying natural language processing
techniques to investigate engagement patterns and discursive
dynamics.

Our work differs from the pervious studies along three
main dimensions. First, in terms of phenomenon, we focus
specifically on the articulation between Christian religious
fundamentalism and far-right ideology in the Brazilian con-
text, rather than on extremism, radicalization, or hate speech.
Second, in terms of platforms, we investigate public groups
from both WhatsApp and Telegram, instant-messaging envi-
ronments that remain underexplored in computational studies
of political and religious extremism. Third, in terms of ana-
lytical design, rather than relying on a single computational
perspective, we combine different methods in a multidimen-
sional design.
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3 MATERIALS AND METHODS

This section presents the methodological design adopted
to address the four research questions previously defined,
covering the stages of data collection, anonymization, and
preprocessing, as well as the application of different analyses
aimed at identifying thematic, discursive, and psycholinguis-
tic patterns. Figure 1 illustrates the end-to-end workflow
adopted to address the four defined research questions. In or-
der to ensure the study’s transparency and reproducibility, all
scripts used are publicly available in our GitHub repository!.

3.1 The Explored Datasets

We aim to characterize the relationship between religious
fundamentalism and far-right political ideology in Brazilian
public groups on WhatsApp and Telegram. Thus, we con-
structed two datasets, named FW.Br and FT.Br, respectively.

The FW.Br dataset was built from messages collected from
public WhatsApp groups associated with the Brazilian far
right, using the platform proposed in [19], over the period
from September 27, 2022 to November 14, 2022. Initially,
we obtained 598,971 messages from 15,286 distinct users
across 240 different groups. Since our goal is to characterize
the religious discourse that spreads in these groups, not all
messages were relevant. To retain only religious messages,
we applied an inclusion filter based on a set of keywords.
To define the keywords used in this filter, we adopted the
following approach. First, we asked three professionals with
undergraduate degrees in Theology to provide a list of words
associated with Christian religious fundamentalism. Next,
we selected the words that appeared in the intersection of
the three previously produced lists. This procedure yielded
a set of 18 keywords (in Portuguese): God, Jesus, mercy,
David, Solomon, kingdom, temple, conservative, pentecostal,
rce, renewal, charismatic, Paulo Ricardo, Bernardo Kuster,
heretic, atheist, Jericho, and heresy. We then applied the
established filter, selecting messages that contained at least
one of the 18 previously defined keywords. It is worth noting
that RCC stands for Catholic Charismatic Renewal (Reno-
vagdo Carismdtica Catdlica, in Portuguese) and that Paulo
Ricardo and Bernardo Kiister are highly popular Catholic
digital influencers in Brazil whose content is commonly asso-
ciated with fundamentalist orientations. Subsequently, due
to the strong presence of content related to election cam-
paigns, we applied an exclusion filter based on keywords (in
Portuguese), removing messages that contained any of the
following terms: lula, bolsonaro, pt, pl, stf, patria, 55, 22, 13,
senadores, lulaladrdo, urnas, alexandre, moraes, comunismo,
eleicdo, eleigoes, esquerda, direita, presidente, tse, fraude,
voto, turno, and ministro. The presence of terms associated
with election campaigns introduces noise into the dataset
and hinders data analysis. This set of keywords was found
empirically. After applying the inclusion and exclusion filters,
the FW.Br dataset was reduced from 598,971 messages to
5,167.

Thttps://github.com/jmmfilho/fundamentalismoreligioso- whatsapp-
telegram

444

WebMedia'2026, Lavras/MG, Brazil

Similarly, the FT.Br dataset consists of messages collected
from public Telegram groups. Initially, 557,586 messages
were obtained from 14,810 distinct users across 178 different
groups. Next, we applied the same strategy used for What-
sApp. After applying the inclusion and exclusion filters, the
number of messages dropped to 8,526. Table 1 presents the
basic statistics computed for the FW.Br and FT.Br datasets,
including the number of unique messages, the minimum and
maximum number of tokens, as well as the mean and stan-
dard deviation of the token count. From Table 1, it can be
seen that the characteristics of the messages in FW.Br and
FT.Br do not appear to change substantially.

Figure 2 shows the number of messages collected per day
for each of the platforms used, following the application of fil-
ters. The temporal analysis of message volume reveals striking
differences between the platforms. While WhatsApp shows a
more stable activity pattern with moderate peaks, Telegram
exhibits significantly higher message volumes, accompanied
by abrupt peaks in engagement, especially during politically
sensitive periods. Furthermore, we can observe a peak from
the end of October to the beginning of November, both on
Telegram (with almost 600 messages in a single day) and on
WhatsApp (with almost 300 messages), which corresponds
to the period of the Brazilian general elections. This finding
indicates that the number of messages containing terms re-
lated to religious fundamentalism shared in far-right groups
increased during periods of heightened political tension.

3.2 Data Protection and Pseudonymization

To protect users’ privacy and comply with Brazil’s General
Data Protection Law (LGPD), identifying attributes such as
telephone numbers and group identifiers were pseudonymized
through cryptographic hash functions before the analytical
stages. The study did not seek to identify individual users,
and these identifiers were used only when necessary to pre-
serve structural information relevant to the analyses. The
reported results focus primarily on aggregate patterns and
do not intentionally disclose identifying information about
non-public individuals.

3.3 Data Analysis Steps

In this study, we investigate the relationship between religious
fundamentalism and far-right political ideology in Brazilian
public WhatsApp and Telegram groups. To do this, we will
explore different data analysis techniques. All datasets and
experiments performed are available online?.

3.3.1 Named Entities Recognition (NER). Named entities are
textual expressions that represent specific and well-defined
elements of the real world, usually with proper names. Named
Entity Recognition (NER) is a task that consists of automat-
ically detecting named entities in a text, as well as classify-
ing them into predefined categories (people, organizations,
places, monetary values, dates, and times). In this work, the

2https://anonymous.4open.science/r/fundamentalismoreligioso-
whatsapp-telegram-7F37/
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Figure 1: Overview of the Research Methodology. The end-to-end workflow adopted to address the four research questions.

Table 1: Basic Statistics of FW.Br and FT.Br Datasets

Statistics

FW.Br (WhatsApp) FT.Br (Telegram)

Number of unique messages

Mean and standard-deviation of token numbers

Minimum number of tokens
Maximum of tokens

4.329 6.462
82,34 £ 99,64 88,57 £ 116,87
3 3
1.683 1.549

Naribr of essages per Dy (WihatsApp vs. eegram)

/\ “/'\\/\i\ /\/J \"\.\
VY \

Figure 2: Per Day Message Distribution

spaCy library, along with the pre-trained Portuguese model
pt_core_news_sm [21], and the XLM-RoBERTa model [16]
were used to recognize named entities. The most frequently
named entities in the text collected from a given platform can
provide insights into the preferences and ideological positions
of its users.

3.3.2 Textual Search with ElasticSearch. A text search engine
is a computational system that indexes, retrieves, and ranks
textual documents to efficiently answer queries. Elasticsearch
is a distributed search engine designed for real-time analysis
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of large data volumes [29]. All collected messages were in-
dexed using Elasticsearch, enabling the previously identified
named entities to be used as search terms to retrieve the mes-
sages in which they appeared. The retrieved messages were
then manually examined to gain insights into the discourse
represented in each dataset.

3.3.3 Polarity Analysis. Polarity analysis is a NLP technique
that aims to automatically identify the emotional valence ex-
pressed in a text by assigning it a polarity category (positive,
negative, or neutral) based on lexical, semantic, or contextual
content. In this work, polarity was computed using the LelA
library®, a fork of the VADER lexicon adapted to Portuguese,
with emoji support and a focus on social media text [2, 28].
LelA assigns a value normalized to —1,1 to each message.
Messages scoring above 0.05 are classified as positive, below
—0.05 as negative, and the intermediate range as neutral.

3.3.4 Topic Modeling. Topic modeling is an unsupervised
method used to identify latent themes within large text col-
lections. In this study, it is employed to identify, characterize,

3https://github.com /rafjaa/LelA
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and compare the main thematic dimensions of religious dis-
course in far-right groups on WhatsApp and Telegram, while
accounting for the discursive specificities of each platform.

To capture distinct semantic dimensions of the corpus, we
employed topic models with different methodological founda-
tions. LDA (Latent Dirichlet Allocation) [9], a probabilistic
bag-of-words-based model, was used to identify broad and
recurrent themes, providing high interpretability and an over-
all view of the corpus’s thematic structure. PTM (Pseudo-
document-based Topic Model) [45] extends LDA by grouping
short messages into pseudo-documents, thereby reducing
the sparsity and noise commonly associated with messag-
ing data and making it particularly suitable for WhatsApp
and Telegram. BERTopic [24], which combines contextual
embeddings with clustering techniques, captures subtler and
context-dependent semantic relationships, enabling the iden-
tification of more fine-grained topics, narrative variations,
and discursive framings that may not emerge from lexical
co-occurrence alone.

The combined use of these models enables a complementary
and comparative analysis of the identified topics, improving
the robustness of the results while mitigating biases associated
with individual modeling assumptions. The number of topics
(k) was varied from 2 to 30, and the optimal configuration was
selected using the C__V coherence metric. Topic quality was
further evaluated using C_V, NPMI (Normalized Pointwise
Mutual Information), diversity, and IRBO (Inverted Rank-
Biased Overlap), as implemented in the OCTIS library [42].

3.3.5 Linguistic Analysis. The LIWC (Linguistic Inquiry and
Word Count) tool is a dictionary-based software that analyzes
texts and provides statistics on the frequency of words belong-
ing to psychological, social, and linguistic categories, enabling
inferences about the author’s emotional state, language style,
and cognitive traits [13]. In this work, the psycholinguis-
tic analysis of the transcribed texts was performed using
the LIWC 2007 dictionary adapted to Brazilian Portuguese
[7], which includes 64 categories distributed across psycho-
logical, linguistic, and social dimensions. LIWC computes
the percentage of words in each category relative to the to-
tal number of words in the text, allowing inferences about
emotional, cognitive, and structural aspects of discourse. Ex-
amples of categories used include: positive emotions (e.g.,
“love”, “happiness”), negative emotions (e.g., “anger”, “fear”),
cognitive processes (e.g., “think”, “because”, “understand”),
social words (e.g., “family”, “friend”), and personal pronouns
(e.g., “I”, “we”).

4 DATA ANALYSIS

This section presents the main results obtained through the
application of different data analysis techniques on religious
messages shared on WhatsApp and Telegram far-right groups.
The analysis of named entities, polarity, topics, and psycholin-
guistic aspects is described.
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4.1 Named Entity Recognition

As mentioned previously, named entities are expressions that
play a key role in understanding a given context and Named
Entity Recognition (NER) is the process that aims to identify
these entities in a textual corpus and classify them into prede-
fined categories. Table 2 presents the 10 most frequent named
entities in each analyzed dataset. Notably, 4 of the 10 entities
(40%) occur in both datasets. A strong presence of geopoliti-
cal entities can also be observed, including Brazil, the United
Kingdom, the USA, and Venezuela. This finding reinforces
the close relationship between religious fundamentalism and
far-right ideology. In this analysis, we chose to retain both
unidentified proper names (e.g., Chirley and Edson) and the
names of public figures (e.g., Hostilio Souza).

Table 2: Top Named Entities

spaCy XLM-RoBERTa

FW.Br

Jesus, Brazil, Jesus Christ,
God, iFood, Chirley, Hostilio
Souza, mercy, belief, family

FT.Br

Brazil, je, Jesus, sus, Israel,
Ley, Galilee, Jesus Christ,
Reginaldo Manzotti

Brazil, Jesus, Jesus Christ,
United Kingdom, God, Jesus
saves, read the Bible, USA,

Brazil, Venezuela, Edson

Brazil, Jesus, je, sus, da,
Brazil, Israel, Mari, God

4.2 Textual Search with ElasticSearch

Based on the previously identified named entities, we issued
queries using a textual search engine, specifically the tool
called ElasticSearch4, in order to retrieve relevant messages.
Next, each retrieved message was manually read and analyzed
by a specialist in Theology.

Regarding the FW.Br dataset, the most frequently shared
message (53 times) is an “ezposed”® containing the name and
business address of a company owned by a woman who posted
a video criticizing the political instrumentalization of evan-
gelical faith. Concerning the FT.Br dataset, the most shared
message (48 times) is a video featuring Dercy Gongalves com-
menting on the popularity of Jesus Christ. It is also worth
highlighting a schismatic message (shared eight times) that
challenges the authority and teaching office of Pope Francis.
Upon analyzing the selected messages, it becomes evident
that Brazilian religious fundamentalism is closely linked to
far-right political movements, and that spiritual warfare has
tangible repercussions in the material world, posing concrete
threats to individuals, groups, and institutions. Additionally,
we observe a strong connection between religious and politi-
cal content linked to the far right, including explicit voting
guidance and allegations of fraud in the electoral system.
Comparing the two datasets, FW.Br and F'T.Br, we can note
that the messages obtained from Telegram are somewhat
more radical than the texts collected from WhatsApp.

4https://www.e1astic.co/pt/elasticsearch
5An English term meaning to publicly reveal or expose information
about a fact, person, or company
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4.3 Polarity Analysis

Now, we will analyze the shared messages based on the
“Sentiment Score” metric, which expresses the intensity and
emotional direction of the text. This metric assumes con-
tinuous values between -1 and 1, in which values close to
-1 indicate negative sentiments, values close to 1 indicate
positive sentiments, and values close to 0 reflect neutrality.
Table 3 reports the descriptive statistics of the Sentiment
Score in both datasets. The two distributions are bimodal
and predominantly positive: 64.8% of the messages in FW.Br
and 60.8% in FT.Br fall in the positive range, against 25.4%
and 28.4% in the negative range. This positive valence re-
flects the devotional register of the retrieved messages —
blessings, invocations, calls to mobilization — whose vocabu-
lary carries positive lexical valence even when the message
conveys hostility. Since the score is bounded and markedly
non-normal, we compared the platforms using the Mann-
Whitney U test, reporting Cliff’s ¢ as effect size. FT.Br
messages are slightly more negative, and the difference is
significant (U = 22,820,276, p = 4.0 x 107%), but the effect
size is negligible (6 = 0.036, 95% CI 0.016, 0.056); the pro-
portion of negative messages is only 3.0 percentage points
higher in FT.Br (x?2 = 21.28, Cramér’s V = 0.039)%. We
therefore conclude that the two platforms are equivalent in
lexical emotional polarity, in contrast with the psycholinguis-
tic differences reported in Section 4.5.

Table 3: Basic Statistics About Polarity Analysis

Statistic FW.Br FT.Br
Number of messages 5,167 8,526
Mean (SD) 0.270 (0.551)  0.230 (0.570)
Median 0.365 0.302
Q1; Q3 —0.052; 0.746  —0.178; 0.731
Interquartile range 0.797 0.909
Negative (< —0.05) 25.4% 28.4%
Neutral 9.9% 10.8%
Positive (> 0.05) 64.8% 60.8%

Mann-Whitney U = 22,820,276, p = 4.0 x 10~
Cliff’s § = 0.036, 95% CI 0.016,0.056 (negligible)
X322 =21.28, p=2.4 x 1075, Cramér’s V = 0.039

4.4 Topic Modeling

In this work, the experimental evaluation included topic mod-
eling methods LDA, PTM, and BERTopic. Table 4 illustrates
the number of topics on each method by dataset. These meth-
ods were evaluated across two dimensions: topic coherence
and topic diversity. Coherence was assessed through the Co-
herence C_V [39] and Coherence NPMI [31] metrics. Topic
diversity, in turn, was measured by the diversity [20] and
Inverted Rank-Biased Overlap (IRBO) [8] metrics. For the
latter, we used the implementation provided by the researcher
Silvia Terragni7. Each method selected the number of topics
that best represented the data.

6Taking the group rather than the message as the unit of analysis, the
difference is no longer detectable (p = 0.61 for groups with at least 10
messages).

7https://github.Com/silviatti/topic—model—diversity
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To identify the ideal number of topics (k), the C_V
coherence metric was employed, varying k from 2 to 30
while maintaining the default parameter values for each
method. For BERTopic, we employed the multilingual model
paraphrase-multilingual-MiniLM-L12-v2 to generate embed-
dings. Next, we applied UMAP [34] for dimensionality re-
duction, using the following parameters: n_ neighbors=15,
n__components=5, metric="cosine’, and random_ state=42.
In the clustering stage, we used HDBSCAN [11], with the
parameters min__cluster_size = 30, metric="euclidean’, and
prediction__data=True. Table 5 presents the values obtained
by LDA, PT Model, and BERTopic for the following metrics:
Coherence NPMI, Coherence C_V, IRBO, and Diversity.

The results reported in Table 5 show that BERTopic
achieved the best overall performance in terms of topic coher-
ence for both datasets, obtaining the highest C_ NPMI and
C_V scores in FW.Br and FT.Br. For FW.Br, BERTopic
reached a C_NPMI of 0.231 and a C_V of 0.659, outper-
forming both LDA and the PT Model. Similarly, for FT.Br,
BERTopic obtained the highest coherence values, with a
C_NPMI of 0.155 and a C_V of 0.641. Regarding topic
distinctiveness, BERTopic also achieved the highest IRBO
scores in both datasets, suggesting lower redundancy among
the ranked topic terms. However, the PT Model produced
the highest diversity score for FW.Br, while LDA achieved
the highest diversity score for FT.Br, indicating that the
most coherent models were not necessarily those with the
greatest lexical diversity. Overall, these findings suggest that
BERTopic was the most robust method for capturing seman-
tically coherent topics across both platforms, whereas the
diversity-oriented metrics varied according to the dataset and
modeling strategy.

Table 4: Number of Topics on each Model by Dataset

Dataset Amount of Topics

LDA PTModel BERTopic
FW.Br 6 2 5
FT.Br 2 28 26

We conducted a qualitative analysis to infer the main
themes addressed and the latent social dynamics present in
the two investigated datasets. The most relevant topics and
their most representative terms are presented in Tables 6 and
7, for the FW.Br and TW.Br datasets, respectively.

For the FW.Br dataset, the LDA model identified six
topics. Overall, all topics exhibit a strong presence of religious
discourse, often intertwined with nationalist terminology. The
first topic appears to group messages that employ Bolsonaro-
aligned slogans, with emphasis on the terms God, all, above,
Brazil, and truth. The second topic shares certain similarities
with the first; however, it accentuates the religious bias,
characterized by the words: “peace”, “pray”, and “word”. The
third topic displays a markedly religious focus, highlighting
terms such as glory, holy, victory, mighty, honor, wonderful,
praise, and glorious.
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Table 5: Topic Quality Evaluation Metrics

Model LDA PT Model BERTopic

C_NPMI C_V IRBO DIVERSITY C_NPMI C_V IRBO DIVERSITY C_NPMI C_V IRBO DIVERSITY
FW.Br 0,002 0,530 0,41 0,48 0,061 0,610 0,70 0,95 0,231 0,659 0,98 0,84
FT.Br -0.008 0,514 0,58 0,80 0,024 0,563 0,94 0,73 0,155 0,641 0,99 0,78

Using PT Model, two main topics were identified for the
FW.Br dataset. The first has a clearly religious focus, centered
on traditional Christian discourse, with emphasis on terms
such as “amen” “prayer”, and “Father”. The second topic
suggests messages associated with Bolsonaro-aligned slogans,
including the words “God”, “above”, “all”, and “Brazil”.

BERTopic identified five main topics in the FW.Br dataset.
The first topic exhibits strong religious content centered on
Christianity, including terms such as “Jesus”, “life”, and
“love”, suggesting a devotional tone commonly found in mes-
sages widely shared on social media. The second topic reflects
content closely aligned with the Bolsonaro movement, as in-
dicated by terms such as “God”, “above”, “all”, “Brazil”,
“people”; and “nation”. The third topic is characterized by
a more urgent and emotional tone, including terms related
with sensationalist content, including “scenes”, “photos”,
“violence”, and “share/forward”. This topic also contains ref-
erences to Ricardo Nunes, then a candidate for mayor of Sao
Paulo, through terms such as “undecided” and “Nunes”.

For the FT.Br dataset, the LDA model identified two
main topics. The first highlights devotional communication
characterized by expressions of gratitude and requests for
blessings. Its vocabulary suggests personal messages of faith,
thanksgiving, and protection, often associated with everyday
experiences or immediate circumstances. The second topic
further emphasizes the centrality of divine figures, with terms
such as “God”, “Jesus”, “Christ”, and “Lord”. At the same
time, it adopts a more assertive and collective tone, as indi-
cated by expressions such as with “me”, and “repeat”, which
suggest an effort to engage or influence the interlocutor.

PT Model identified 28 distinct topics on FT.Br dataset.
Overall, most of these topics exhibit a strong presence of
religious content, emphasizing evangelism, praise, and prayer.
The first topic is characterized by terms such as “general,”
“command”, “military”, and “army”, suggesting messages
associated with the Armed Forces and patriotic-militaristic
rhetoric. The second topic highlights expressions related to
Bible reading and calls for personal conversion (“Bible”,
“read”; and “written”). The third topic aggregates elements
related to conservative values and ideological identity.

Finally, applying BERTopic to the FT.Br dataset produced
26 topics. The first one contains terms strongly associated
with Christian discourse, reflecting themes such as faith,
prayer, and devotion. The second topic is marked by the
presence of proper names, which suggests multimedia content,
such as the popular recording of Derci Gongalves praising
Jesus Christ. The third topic, in turn, addresses international
themes, with emphasis on economic and public health issues.
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4.5 Linguistic Analysis

To analyze the emotional, cognitive, and structural aspects of
the texts in the investigated datasets, the LIWC tool was em-
ployed. LIWC extracts psycholinguistic features from textual
data based on a predefined lexicon. In this study, we used the
dictionary developed for Brazilian Portuguese, LIWC 2007
Portugués [7], which contains 127,149 words associated with
64 linguistic and psychological categories. These categories
represent different linguistic and psychological dimensions,
allowing the identification of patterns related to aspects such
as emotions, cognitive processes, and linguistic structure.

For each dataset, the number of words associated with
each LIWC category was counted after the text preprocessing
step. The proportion of words belonging to each category was
then calculated relative to the total number of words in the
corresponding dataset. Thus, for each LIWC category, the
analysis considered the proportion of words associated with
that category and the proportion of words not associated with
it. The resulting proportions were subsequently compared
between the F'T.Br and FW.Br datasets.

For each category, the difference between the proportions
observed in the two datasets was calculated as preiegram —
DPWhatsApp- A positive value therefore indicates a higher pro-
portion of words associated with the category in FT.Br,
whereas a negative value indicates a higher proportion in
FW.Br. To assess whether the observed differences in pro-
portions were statistically significant, a chi-square test of
independence was performed independently for each LIWC
category with a significance level of o = 0.05.

From the 63 categories present in both datasets, 49 differ
significantly at o = 0.05 (40 after Holm-Bonferroni correc-
tion). However, all effect sizes are negligible (¢ < 0.033,
median 0.008): significance here follows from the size of the
token samples rather than from substantive divergence. In-
terpreting the differences in magnitude rather than in signifi-
cance, the categories with largest differences are time (6.87%
in FW.Br vs 8.77% in FT.Br), relig (12.20% vs 10.11%), hu-
mans (13.92% vs 11.85%), money (2.50% vs 3.38%) and we
(0.74% vs 0.41%). The pattern seems coherent since FW.Br
favours a devotional and communal register, with more re-
ligious vocabulary, more references to people and roughly
twice the proportion of first-person plural pronouns, whereas
FT.Br favours a more expository and transactional register,
with more temporal, financial and causal vocabulary. Notably,
the categories most directly related to hostility do not differ
between the platforms (anger, p = 0.41; anz, p = 0.46), which
is consistent with the polarity results reported in Section 4.3.
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Table 6: Topics Generated by the FW.Br Dataset

Topics LDA PT Model BERTopic

1 God; everyone; let us; Jesus; Brazil; above; God; Lord; Jesus; name; life; Christ; because;  God; Jesus; Lord; everyone; name; life; let us;
Lord; life; love; because; bless; amen; mercy; amen; prayer; Father because; love; Christ
good; always; faith; Father; are; about; time;
do; nothing; truth; name; country; nation; can;
today; also; people

2 God; Lord; Jesus; Christ; name; let us; Father; God; everyone; let us; Brazil; faith; above; love;  Brazil; God; above; everyone; let us; people;
days; iFood; nation; people; life; also; prayer; do; also; bless Lord; nation; Jesus; Brazilian
faith; pay; everyone; peace; right; pray; amen;
because; about; love; word; happen; mercy;
thus; can

3 God; Lord; Jesus; everyone; life; people; Brazil; — scenes; photos; best; 100; undecided; violence;
name; glory; prayer; Christ; amen; love; be- latest; share; true; Nunes
cause; holy; victory; children; powerful; days;
honor; have; power; favor; do; things; are; won-
derful; praise; dawn; glorious

Table 7: Topics Generated by the FT.Br Dataset
Topics LDA PT Model BERTopic

1 God; thank you; bless; today; never; Jesus; general; command; military; BSB; goodbye; God; Jesus; Lord; everyone; people; Christ;
everyone; because; life; Brazil; nothing; me; chief; RJ; army; bye; dear name; let us; truth; because
reach; still; good; new; have; people; yesterday;
future; truth; about; goals; are; book; better;
ahead; congratulations; profit

2 God; everyone; Jesus; with me; exists; re- Jesus; Bible; never; God; Christ; saves; forget; Derci; love; video; above; Ramiro; colonel; ITA;
peat; Brazil; Lord; above; let us; now; noth- read; Mary Jesus; perfect
ing; Christ; name; can; country; power; nation;
channel; kingdom; each; bless; prayer; Father;
no one; mercy; love

3 — Jews; conservative; religion; truth; want; say; vaccine; covidl9; vaccines; United; vaccinated;

account; any; such; conservatives

kingdom; study; Moderna; individuals

5 CONCLUSION AND FUTURE WORK

In this work, we analyze fundamentalist religious content
disseminated in public WhatsApp and Telegram groups as-
sociated with the Brazilian far right. To do this, we provide
two datasets and apply different data analysis techniques. It
is essential to highlight that data from WhatsApp and Tele-
gram, particularly from genuine groups, are scarce yet highly
valuable to the scientific community, as they provide unique
insights into contemporary Brazilian social dynamics, given
the widespread adoption of these platforms in the country.

The results of the analyses conducted indicated that Brazil-
ian fundamentalist discourse on WhatsApp and Telegram is
multifaceted, combining religious, political, emotional, and
ideological elements. Different algorithms capture these facets
differently. This study showed that religious fundamentalist
contents are present in far-right public groups (RQ1). The
two platforms seems quite equivalent in emotional polarity
since messages on Telegram are only marginally more nega-
tive than those on WhatsApp, with a negligible effect size
(Cliff’s 6 = 0.036), and both corpora are predominantly posi-
tive in lexical valence (RQ2). Topic analysis revealed distinct
topics for each examined platform. Furthermore, the best-
performing algorithm (in terms of coherence and diversity)
also varied according to the platform (RQ3). The LIWC-
based linguistic analysis identified significant differences in
49 of the 63 psycholinguistic categories, but with uniformly
negligible effect sizes (RQ4).
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Among the limitations of the present research, we highlight
the following aspects. The extraction of religious messages was
based on keywords provided by experts, which may introduce
selection bias. Additionally, we deliberately focused on public
groups associated with far-right discourse, as our objective
was not to generalize religious discourse in Brazil, but rather
to characterize a specific sociotechnical ecosystem. So, this
choice may bias the analyses performed. As part of future
work, we intend to conduct a temporal analysis investigating
the variation of the themes addressed over time. A more
detailed discourse analysis of the messages can reveal more
subtle nuances in the language used to express fundamentalist
views. Ultimately, we aim to investigate whether the results
obtained can be generalized to other countries.

ETHICAL CONSIDERATIONS

This study was conducted exclusively with messages col-
lected from public WhatsApp and Telegram groups, without
recruitment, intervention, or direct interaction with the indi-
viduals whose messages were analyzed. The research follows
the applicable provisions of Brazilian National Health Coun-
cil Resolution CNS No. 510/2016 concerning studies based
on publicly accessible information, as well as the ethical prin-
ciples established by Resolutions CNS No. 466/2012 and No.
674/2022.

Because the study involved the processing of personal data
and potentially sensitive information, particularly content
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related to religious beliefs and political opinions, data han-
dling procedures were also designed in accordance with the
Brazilian General Data Protection Law (LGPD, Law No.
13,709/2018). Identifying attributes available in the original
datasets, such as telephone numbers and group identifiers,
were pseudonymized using cryptographic hash functions be-
fore the analytical stages. These identifiers were not used
to identify individual users, and the analyses focused on ag-
gregate, thematic, discursive, and psycholinguistic patterns
rather than on profiling specific individuals.

To minimize the risk of re-identification, identifying infor-
mation concerning non-public individuals is not intentionally
reported in the manuscript, and only information necessary
to address the research objectives was retained in the analy-
ses. No images of children, adolescents, or other vulnerable
individuals are presented. Data processing followed the princi-
ples of purpose limitation, necessity, security, and prevention
established by the LGPD.

STATEMENT ON THE USE OF Al

Generative Al tools were used to assist with text structuring
and language revision. Responsibility for the technical con-
tent, experiments, and verification of bibliographic references
remains entirely with the authors.
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